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Abstract
Background: Despite the growing popularity of wearable health care devices (from fitness trackes such as Fitbit to smartwatches
such as Apple Watch and more sophisticated devices that can collect information on metrics such as blood pressure, glucose
levels, and oxygen levels), we have a limited understanding about the actual use and key factors affecting the use of these devices
by US adults.
Objective: The main objective of this study was to examine the use of wearable health care devices and the key predictors of
wearable use by US adults.
Methods: Using a national survey of 4551 respondents, we examined the usage patterns of wearable health care devices (use
of wearables, frequency of their use, and willingness to share health data from a wearable with a provider) and a set of predictors
that pertain to personal demographics (age, gender, race, education, marital status, and household income), individual health
(general health, presence of chronic conditions, weight perceptions, frequency of provider visits, and attitude towards exercise),
and technology self-efficacy using logistic regression analysis.
Results: About 30% (1266/4551) of US adults use wearable health care devices. Among the users, nearly half (47.33%) use
the devices every day, with a majority (82.38% weighted) willing to share the health data from wearables with their care providers.
Women (16.25%), White individuals (19.74%), adults aged 18-50 years (19.52%), those with some level of college education or
college graduates (25.60%), and those with annual household incomes greater than US $75,000 (17.66%) were most likely to
report using wearable health care devices. We found that the use of wearables declines with age: Adults aged >50 years were less
likely to use wearables compared to those aged 18-34 years (odds ratios [OR] 0.46-0.57). Women (OR 1.26, 95% CI 0.96-1.65),
White individuals (OR 1.65, 95% CI 0.97-2.79), college graduates (OR 1.05, 95% CI 0.31-3.51), and those with annual household
incomes greater than US $75,000 (OR 2.6, 95% CI 1.39-4.86) were more likely to use wearables. US adults who reported feeling
healthier (OR 1.17, 95% CI 0.98-1.39), were overweight (OR 1.16, 95% CI 1.06-1.27), enjoyed exercise (OR 1.23, 95% CI
1.06-1.43), and reported higher levels of technology self-efficacy (OR 1.33, 95% CI 1.21-1.46) were more likely to adopt and
use wearables for tracking or monitoring their health.
Conclusions: The potential of wearable health care devices is under-realized, with less than one-third of US adults actively
using these devices. With only younger, healthier, wealthier, more educated, technoliterate adults using wearables, other groups
have been left behind. More concentrated efforts by clinicians, device makers, and health care policy makers are needed to bridge
this divide and improve the use of wearable devices among larger sections of American society.
(J Med Internet Res 2020;22(10):e22443) doi: 10.2196/22443
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Introduction
Background and Motivation
Advances in wireless sensors and digital technologies have led
to a proliferation of wearable health care devices with which
users can examine, monitor, and track their physiological
conditions. Wearable health care devices are autonomous,
noninvasive, wearable equipment with embedded sensors to
collect a variety of physiological health information [1]. These
devices range from the popular fitness trackers (eg, Fitbit,
AppleWatch, Samsung, Galaxy Fit) that collect data on physical
activities such as number of steps taken, calories burned, sleep
duration, and heart rate to more sophisticated devices that can
collect information on blood pressure, glucose levels, and
oxygen levels. The collected health data can be transmitted to
smartphones or other computer-aided applications to store and
analyze to provide appropriate health interventions. Fueled by
increased popularity, the use of wearables has significantly
increased in recent years. According to estimates, the market
for wearable health care devices in 2018 was US $24.57 billion
and was slated to grow 24.7% annually to US $139.35 billion
by 2026 [2].
Wearable health care devices offer several potential benefits to
users. First, they offer a convenient way to monitor, store, and
share health information in real-time. Second, wearables provide
feedback to users to make appropriate changes to their daily
routines or behavior [3,4]. Third, wearables can facilitate remote
patient monitoring and provide proactive and faster data access
to physicians, resulting in improved health outcomes [4,5] and
reduced number of physician visits [6]. Fourth, these devices
can be particularly useful for patients with chronic conditions
[7], patients with cardiovascular risks [8], and elderly
populations [9]. Therefore, the use of wearable devices has the
potential to significantly improve health care delivery and reduce
costs.
Despite potential benefits, significant challenges remain to the
widespread adoption and use of wearable health care devices
[10-12]. The ability of these devices to track, store, and transmit
patients’health information raises questions about data security
and privacy [13-15]. In addition, the design, accuracy, and
reliability of wearables have also been a major concern [16,17].
Concerns have also been raised about the accuracy of data
gathered by wearables in people of color [18]. Technology
acceptance of new wearable devices remains another significant
barrier [19]. Despite the forecasted growth, use of these devices
has reportedly slowed [20]. Market studies have pointed out a
gradual decline in the use of these devices as well as
abandonment within a few months of purchase [21,22].
Extant research on the use of wearables has found these devices
to increase physical activity, increase energy expenditure, and
reduce sedentary behavior [23]. Wearables offer an easy way
to obtain large amounts of real-time health data that can be
useful for clinicians [24]. Health data obtained from wearables,
when combined with sophisticated machine learning algorithms,
have helped develop predictive models that can greatly improve
health delivery [25-27]. If effectively used, wearables can
greatly help in the management of several conditions including
rheumatic and musculoskeletal diseases [28,29], chronic pain
management [30], and cardiovascular problems [31]. To
effectively realize the potential benefits of wearable health care
devices, a solid understanding of the factors related to their
adoption and use is warranted. Most extant studies have largely
examined the intention to adopt wearable devices [32-36] rather
than the actual usage. Further, these studies have focused on a
limited set of antecedents driven by the technology adoption
lens. Hence, we know very little about US adults' use of
wearables and key influential factors affecting usage. Addressing
this gap, we build on an emergent stream of studies to examine
the key factors affecting the use of wearable health care devices
by US adults.
Objectives
The main objective of this study was to examine the use of
wearable health care devices and the key predictors of wearable
use by US adults. We examine predictors related to individual
health [37], technology self-efficacy [36,38], personal
demographics [32], and attitudes towards fitness or exercise
[35] as well as their associations with the use of wearable health
care devices. Our research model, with all the predictor
variables, is shown in Figure 1.
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Figure 1. Research model with key predictors of wearable health care device use.
Methods
Data
The dataset for this study comes from the National Cancer
Institute’s Health Information National Trends Survey
(HINTS)-5, Cycle 3, with data collected from January 2019 to
April 2019 through self-administered mailed questionnaires and
a web-based pilot. HINTS is a nationally representative survey
that includes US adults ≥18 years of age in civilian,
noninstitutionalized settings. This survey collects data on US
adults’ need, access, and use of information related to health
and health care and the related behaviors, perceptions, and
knowledge. It uses a stratified sampling method defined by
areas with high concentrations of minorities and areas with low
concentrations of minorities. Survey invitees for both mailed
questionnaires and the web pilot involved an initial mailing of
the questionnaire, followed by a reminder postcard and up to
two additional mailings of the questionnaire as needed for
nonrespondents. More details on the survey and survey
methodology can be found elsewhere [39].
Since HINTS used probability sampling to improve
representation of specific groups, our analysis applied weights
to calculate US population estimates and standard errors. These
sampling weights were needed to ensure unbiased estimations.
Sampling weights are inverse probabilities of selection but are
modified based on census or population information and further
adjusted for nonresponses, so that the weighted totals of
poststratification variables match the population totals. Weight
adjustment accounted for nonresponse and known population
totals based on the 2017 American Community Survey of the
US Census Bureau on age, gender, education, marital status,
race, ethnicity, and census region. We used the jackknife
approach to compute replication weights [40]. Jackknife is a
popular resampling approach that creates many replicate samples
taken from the original sample. Each replicate sample provides
an estimate of the variable of interest, and the variability among
the estimates from multiple replicate samples are used to
estimate the variance of the variable of interest [41].
For data analysis, we included all respondents who responded
to the question about their use of an electronic health care device
to track or monitor their health or physical activity in the past
12 months. Of the 5380 overall respondents, 4551 had indicated
if they used (yes/no) a wearable health care device and were
included in our analysis. STATA 16.1 software was used to
perform the statistical analyses. We compared the demographics
of all respondents with our sample that had answered the
question about the use of wearable devices and did not detect
any significant differences [42].
Variables
The main variable of interest was the use of a wearable health
care device. This was assessed as a binary variable (yes/no) that
asked respondents to indicate their use of an electronic wearable
device to monitor or track health or activity in the past 12
months. In addition, we also explored the responses about
frequency of wearable health care device use in the past month
(daily, almost daily, 1-2 times a week, <1 time a week, never
used) and the respondents’ willingness to share the data from
wearables with a provider (yes/no). Data from several survey
items were included to capture survey respondents’self-reported
characteristics: sociodemographic (age, gender, race/ethnicity,
education, marital status, annual household income),
health-related (general health, presence of any chronic
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conditions, frequency of provider visits, self-perception about
weight), and technology-related (technology self-efficacy)
variables. General health was assessed using a question for
which respondents rated their health on a Likert scale (rated as
1-5) as being poor, fair, good, very good, or excellent. Presence
of chronic conditions was coded as a binary variable (0/1) if the
respondents indicated they had at least one of the following
conditions: diabetes or high blood sugar; high blood pressure
or hypertension; heart condition such as heart attack, angina,
or congestive heart failure; or a chronic lung disease such as
asthma, emphysema, or chronic bronchitis. Frequency of
provider visits was captured using a Likert scale based on the
number of times the respondents visited a health provider in the
past 12 months. Self-perception about weight was assessed on
a Likert scale (rated as 1-5) as underweight, slightly
underweight, just about the right weight, slightly overweight,
or overweight.
As people interested in physical fitness and exercise are likely
to be drawn towards a wearable health care device, another
study variable included attitude towards exercise (to what extent
do you enjoy exercising?). This was captured using a Likert
scale (rated as 1-4), with the following options: not at all, a
little, some, or a lot. Technology self-efficacy was captured
using an additive score (ranging from 0 to 6 points) that was
captured using questions that asked participants if they used a
computer, smartphone, or electronic means for performing 6
tasks: (1) look for health information, (2) purchase medicines
or vitamins online, (3) communicate with a provider using email
or the internet, (4) track health care charges, (5) look up medical
test results, and (6) make appointments with a provider.
Analyses
We first conducted a descriptive analysis on our data sample.
To assess the relationship between the use of wearable health
care devices and sociodemographic or health-related categorical
predictor variables, crosstab tables were generated and tested
using the Wald chi-square test. All results were weighted to
give US population level inferences using a standard weighting
approach that was specifically developed for the HINTS dataset.
Given that our main variable of interest (ie, use of a wearable
health care device) was a binary variable and our predictor
variables were a mix of categorical and continuous variables,
logistic regression analysis was chosen to assess the influence
of sociodemographic variables, health-related predictors, and
technology self-efficacy on the use of a wearable health care
device. We computed adjusted odds ratios (ORs) and 95% CI
estimates for the predictors and used a cutoff of P<.05 to
determine the statistical significance of all our analyses. In
accordance with the complex survey design, weights with
jackknife replications were applied in our analyses.
Results
All percentages reported in this section are the weighted values.
Of the 4551 respondents who responded to the question on
wearable devices, 1266 (29.95%) indicated using the device in
the past 12 months. Of the adopters, 47.33% used it every day,
and an additional 24.85% indicated using the device “almost
every day.” Of the adopters, a majority (82.38%) reported that
they were willing to share the data from wearable devices with
their health care provider (Figure 2).
Figure 2. Patterns of wearable health device use by US adults.
Table 1 presents the demographic characteristics of the
respondents. Significant differences were observed between
users and nonusers of wearable health care devices across
different age groups, gender, education levels, and household
income. Women (16.41%), White individuals (19.74%), adults
aged 18-50 years (19.52%), those with some level of college
education or who were college graduates (25.60%), and those
with annual household incomes greater than US $75,000
(17.66%) were most likely to report using wearable health care
devices. There were no significant differences based on marital
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status or race/ethnicity. We did not detect any significant
differences in the willingness to share data from wearable
devices with a provider or frequency of use of wearable devices
across any of the demographic variables. Based on these results,
we performed logistic regression analysis to examine how the
use or nonuse of wearable devices was associated with
demographic variables, health-related variables, technology
self-efficacy, and attitude towards exercise.
Table 1. Weighted results of sociodemographic characteristics of US respondents, by use of wearable health care devices and willingness to share
wearable data with a health care provider.a
Willingness to share wearable data with health care
provider (n=1253)
Use of wearable health care device in past 12 months
(n=4551)
Respondent characteristics
P valueNo, %Yes, %Total, %P valuebNo, %Yes, %Total, %
N/A240 (17.62)1013 (82.38)N/AN/A3285 (72.18)1266 (27.82)N/AcTotal sample, n (%)
.22<.001Age (years)
4.1730.0134.1816.5810.2026.7818-34
6.1424.7130.8517.189.3226.5035-49
5.3720.3925.7722.847.9330.7750-64
1.535.126.658.472.0010.4765-74
0.442.112.554.680.805.48≥75
Gender
.558.4136.5744.98.0435.8013.5449.34Male
9.2145.8155.0234.2516.4150.66Female
Education
.200.392.242.63<.0014.140.784.92Less than high school
3.388.1011.4818.243.4921.73High school
6.7235.7742.4928.5412.7541.29Some college
7.0036.4043.4019.2112.8532.06At least a college graduate
Marital status
.0313.6154.7868.39.8548.6820.5969.27Married
3.7527.8631.6121.419.3230.73Other
Race
.391.654.185.83.654.091.765.84Non-Hispanic Asian
1.297.658.947.902.6810.58African American
3.7813.3717.1511.405.2916.69Hispanic
9.7655.1564.9143.8919.7463.63White
0.472.703.172.310.953.26Other
Household income (US $)
.731.056.667.71<.00113.762.3716.13<20,000
0.943.894.838.171.449.6120,000 to <35,000
3.009.9012.909.293.8913.1835,000 to <50,000
3.1413.1116.2513.224.9218.1450,000 to <75,000
9.1749.1458.3125.2717.6642.94≥75,000
aThe frequency of wearable usage was omitted because no significant differences were observed based on sociodemographic characteristics.
bWald chi-square test.
cN/A: not applicable.
The logistic regression results revealed significant associations
between demographic characteristics and the use of wearable
health care devices (Table 2). Individuals aged 50-64 years (OR
0.57), 65-74 years (OR 0.46), or ≥75 years (OR 0.47) were less
likely to use wearable health care devices than those aged 18-34
years. Women were 1.26 times more likely to use wearable
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health care devices than men (OR 1.26, 95% CI 0.96-1.65). As
compared to non-Hispanic Asian individuals, White individuals
(OR 1.65, 95% CI 0.97-2.79) were more likely to use wearables.
Individuals with higher levels of education (ie, some college
education; OR 1.06, 95% CI 0.30-3.69) or who were at least
college graduates (OR 1.05, 95% CI 0.31-3.51) exhibited greater
likelihood to use wearables. Individuals whose annual household
income was at least US $75,000 were 2.6 times more likely to
use wearables (OR 2.6, 95% CI 1.39-4.86) than those with
incomes less than US $20,000.
Table 2. The respondent characteristics that had the greatest influence in predicting the use of wearable health care devices.
Prediction of the use of a wearable health care device in the last 12 monthsPredictors
P value95% CIAdjusted odds ratioa
Age (years)b
.220.54-1.160.7935-49
<.0010.37-0.870.5750-64
<.0010.28-0.760.4665-74
.010.24-0.890.47≥75
.010.96-1.651.26Genderc: Female
Educationd
.140.14-1.620.48High school graduate
.040.30-3.691.06Some college
.050.31-3.511.04At least a college graduate
Race/ethnicitye
.090.89-3.811.48African American
.120.88-3.061.24Hispanic
.050.97-2.791.65White
.650.42-4.011.29Other
.910.68-1.541.02Marital statusf: married
Household income ($ US)g
.510.41-1.570.8020,000 to <35,000
.120.84-3.971.8235,000 to <50,000
.180.82-2.681.4950,000 to <75,000
<.0011.39-4.862.60≥75,000
.010.98-1.391.17General health
.380.89-1.050.97Frequency of provider visits
<.0011.06-1.271.16Weight perception
.610.63-1.310.91Presence of chronic conditions
<.0011.06-1.431.23Attitude towards exercise
<.0011.21-1.461.33Technology self-efficacy
aAdjusted odds ratios and 95% CIs generated from multivariate logistic regression. Model accounts for replicate weights.
bReference: 18-34 years.
cReference: male.
dReference: less than high school.
eReference: Asian.
fReference: nonmarried.
gReference: <20,000.
Individuals who felt their general health was better (OR 1.17,
95% CI 0.98-1.39) and those who perceived themselves to be
overweight (OR 1.16, 95% CI 1.06-1.27) were more likely to
adopt wearable devices. No significant differences were found
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based on the frequency of provider visits and for those with ≥1
chronic condition. Those who enjoyed physical activity and
exercise were more likely to use health care wearables (OR
1.23, 95% CI 1.06-1.43), and individuals with higher levels of
technology self-efficacy were more likely to adopt and use
wearables to track or monitor their health (OR 1.33, 95% CI
1.21-1.46).
The logistic regression analysis to determine the associations
between the willingness to share wearable device data with
providers and all the other predictors found only two variables
— race and marital status — to be significant. White adults
were 3 times more likely (OR 2.87, 95% CI 1.18-7.01), and
married individuals were less likely (OR 0.46, 95% CI
0.22-0.96) to share their wearable data with providers. Our
examination of associations between frequency of wearable
usage and the predictors did not yield any significant insights.
Discussion
This study found wearable health care devices to be used by
roughly 30% of US adults. Women, individuals with higher
levels of household income, and those with higher levels of
education were more likely to be wearable users. The tendency
to use wearable devices seems to decline with age. US adults
who consider themselves to be healthier are likely to use
wearables. Other studies have also reported that healthier
individuals have greater intention to adopt wearables [35].
Although individuals with chronic conditions or a higher number
of provider visits have greater potential to benefit from
wearables, this study did not find them to be actively using these
devices. Individuals who enjoy exercise and fitness and those
who are more comfortable using electronic devices exhibit a
greater propensity to use wearable health care devices.
Our results indicate that only younger, healthier, wealthier, more
educated, and technoliterate adults are more likely to use
wearables. Younger adults are likely to be attracted to the design
and aesthetic appeal of the wearable device [43], consider it
“cool” [44], use it to signal their fitness intentions to peers, and
also like the gamification elements such as rewards, points, and
recognition of achievements awarded by the wearable devices
and associated mobile apps [45-47]. Elderly adults could find
wearables to be more intrusive and less comfortable [34].
Elderly adults may also not appreciate the design elements that
are more geared towards younger users and would often need
health professionals’ regular support and feedback to sustain
the use of wearable devices [48]. Our findings imply that the
design and gamification techniques in wearables that are
primarily appealing to younger adults need to be customized to
attract other strata of users [47]. Wearable device makers can
enhance the marketability of their devices and broaden the reach
of their products by coming up with devices tailored to different
age groups. Our findings regarding wealthier and more educated
adults to be active users of wearable technology is similar to
those from other studies [37]. Educated adults are likely to be
more familiar with the value they can derive from wearables.
Also, given the high costs of some of the wearable devices in
the market, the affordability might be better for high-income
individuals [35].
Our results pertaining to the use of wearables by healthier or
more health-conscious users are consistent with studies that
point to the health-related motivations for using wearables such
as to monitor physical activities, improve fitness, and sustain
general health [49]. Individuals who set health-related goals
such as weight loss and increased physical activity are likely to
find wearables to be useful to monitor their progress in achieving
those goals. Studies have found individuals with
wellness-oriented lifestyles to engage more in preventive health
behaviors like exercising regularly, and these individuals are
more likely to use wearables [43]. Among other health variables,
we did not find any significant association between chronic
conditions and use of wearable devices. Few studies examining
the use of wearable health care devices among patients with
chronic conditions have reported very limited impact of these
devices on disease outcomes [4]. Perhaps, such lack of tangible
value for specific health conditions might discourage adults
from using these devices for chronic care management purposes.
Our findings regarding the importance of technology
self-efficacy validate findings from several prior studies that
have examined behavioral intentions to adopt wearables from
a technology acceptance perspective [35,36,50]. Individuals’
familiarity and experience with technologies such as
smartphones, tablets, and other digital devices for health-related
purposes would likely make them more open to using wearable
health care devices. Higher technology self-efficacy can help
individuals foster more positive attitudes towards smart
wearables that can further augment use of these devices.
This study notes that wearable devices have not yet found
widespread use among those groups that can benefit the most
from them. Individuals with poor health, with chronic
conditions, and who are aged can greatly benefit from tracking
their physical activity and by letting their providers access the
health data captured through wearables. Although our findings
are consistent with other studies that have found fewer adopters
of wearable devices among the senior population [51-53], they
indicate a critical need to identify key barriers for low adoption
of wearables among elderly US adults and work towards
addressing those barriers. Factors like anxiety towards new
technologies and resistance to change could impede adoption
and use of wearables among elderly adults [54]. Our results
have important implications for health care providers and
wearable device manufacturers to educate individuals on the
potential benefits of using wearables to improve health
outcomes. Use cases and testimonials of wearable use by
patients and elderly need to be actively publicized and promoted.
Our findings also indicate a digital divide in the US that only
those with higher levels of education, household income, and
technology proficiency are actively using these devices [55].
To increase patient use and engagement with digital technologies
such as wearable devices, narrowing the digital divide becomes
increasingly important. Making digital devices more affordable
and easier to use can greatly aid in widening access to wearables
and effectively using them to self-track and monitor health. This
study also points to the importance of digital skills development
to enable US adults to utilize wearables more effectively.
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Limitations
Little is known about the adoption and use of wearable health
care devices and the predictors of adoption and use among US
adults. Our work includes a broad US population and moves
beyond reported intentions to use wearables to actual use of
these devices. Future work should attempt to explore more
predictors of the frequency of wearable usage and the actual
sharing of wearable data with providers. Our study has many
limitations. Although the HINTS survey used a national sample
and involved stratified selection to improve the responses of
subgroups, the data had responses from both mailed
questionnaires and a web-based pilot, which included an
incentive bonus. Web pilot responses are likely to be from adults
who are more comfortable using technology and the internet,
and this could possibly introduce bias. Moreover, the
self-perception questions are subjective and could be interpreted
differently by participants.
Conclusions
The potential of wearable health care devices is under-realized,
with less than one-third of US adults actively using these
devices. With only younger, healthier, wealthier, more educated,
technoliterate adults using wearables, other groups have been
left behind. To effectively capitalize on the growing popularity
of wearable health care devices to improve health care delivery
and outcomes, more concentrated efforts by clinicians, device
makers, and health care leaders are needed.
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